Designing better vertical axis wind turbines (VAWTs) requires considering the uncertain wind conditions they operate in and quantifying the effect of such uncertainties. We study the effect of an uncertain extreme gust on the maximum forces on the blades of the VAWT. The gust is parametrized by three random variables that control its location, length and amplitude. We propose a multi-fidelity approach to uncertainty quantification that uses polynomial chaos to create an approximation to the high-fidelity statistics via a correction function based on the difference between high and low-fidelity simulations. The multifidelity method provides accurate statistics on the maximum forces for a small number of simulations and the multi-fidelity statistics are consistent with the high-fidelity (CFD) statistics. We developed a practical method to simulate a gust, that changes its magnitude in the flow direction, in a CFD solver by combining the field velocity method (FVM) and the geometric conservation law (GCL). The ability to study the effect of the gust with the high-fidelity (CFD) solver is crucial as the low-fidelity (blade element/vortex lattice) solver underestimates the effect of the gust on the maximum forces.
I. Introduction
Quantifying the response of a wind turbine to an extreme wind gust is an important design requirement. 1 The aerodynamics of the gust interacting with the turbine blades are complex and difficult to model because of dynamic stall.
2 Different simulation tools can be used to model the interaction of the gust with the turbine blades. These models can be classified as "high-fidelity" or "low-fidelity". A high-fidelity model will accurately simulate the gust and blade interaction but at a high computational cost; whereas, a low-fidelity model will provide a less accurate simulation but at a low computational cost.
Low-fidelity tools are used extensively in the modeling of vertical axis wind turbines (VAWTs) 3, 4, 5 because of their low computational cost and relative good accuracy for normal operating conditions. However, their performance will be degraded in the presence of the gust. In current practice, only a single "most likely" extreme gust event is simulated. Whereas, in reality, the extreme gust is stochastic 6, 7 and failure to account for the variability or uncertainty in the gust can lead to either over-conservative designs or, in some cases, under-design. Many simulations are needed to properly quantify the effect of the uncertain gust on the wind turbine. Using only a cheap low-fidelity model to perform the many simulations will likely not result in accurate statistics and relying exclusively on the high-fidelity model will give us accurate statistics but at a high cost.
Here we explore the use of multi-fidelity uncertainty quantification in order to reduce the computational cost of obtaining accurate statistics of the maximum forces on the wind turbine blades by combining a small number of high fidelity simulations with a large number of low-fidelity simulations (section III.B.3). The multi-fidelity uncertainty quantification approach is similar to previous work in Ref. 8 , but here we apply it to a more complex problem and for which the low-fidelity model is not a very good replacement of the high-fidelity model.
In this work, we consider a computational fluid dynamics (CFD) solver as the high-fidelity tool and a blade element/vortex lattice aerodynamic model as the low-fidelity tool. To the best of our knowledge we perform the first practical CFD simulation of an extreme wind gust with a wind turbine. This is done by combining the Field Velocity Method (FVM) with the Geometric Conservation Law (GCL) (section III.A.3).
The uncertain gust and the vertical axis wind turbine considered in this problem are described in section II. The the high and low-fidelity simulation tools are described in section III.A. The uncertainty quantification method is described in section III.B and the results follow in section IV
II. Problem definition: The uncertain gust and the VAWT
For an extreme gust, the shape, size, and position are uncertain. Here we take the gust shape as fixed and treat the variables that determine the size and position of the gust in a probabilistic setting to properly determine the output distribution and statistics for the maximum loads. The extreme gust shape we use is the one specified in the IEC standard
where U ∞ is the free-stream velocity, x 0 is the gust starting position, L g is the gust length, and u e is the gust amplitude. An example of this gust is shown in fig. 1 . 
II.A. Uncertain variables
For the fixed gust shape given by eq. (1), we treat its parameters (x 0 , L g , u e ) as uncertain variables that follow the probability distributions listed in table 1. For the particular turbine considered in this work (section II.E and table 2), the numerical values of the variables of the distributions are also listed in table 1, and the corresponding probability distribution functions are shown in fig. 2 .
II.B. Gust starting position x 0
The gust starting position x 0 follows a uniform distribution in the interval [−246.86 m,−179 m] that accounts for all possible interactions of the gust with the turbine blades. The x = 0 m position is at the turbine center of rotation.
II.C. Gust length L g
The gust length L g follows a normal distribution with mean µ Lg = U ∞ T g , where the gust time scale (T g = 10.5 s) is the deterministic value given in the IEC standard. For the standard deviation, we picked a reasonable estimate of 10% of the mean value, σ Lg = 0.1 µ Lg .
Uncertain parameter Probability distribution Distribution variables Table 1 . Uncertain parameters for the extreme gust and their probability distributions. The values of the distribution variables are for the particular turbine considered in this work (see table 2 ). † The gust amplitude is obtained from ue = σuζ.
II.D. Gust amplitude u e
The gust amplitude u e follows a gumbel distribution. This gumbel distribution can be derived from the wind climate given in the IEC standard as shown in detail in Larsen and Hansen. 7 Here we briefly describe how to obtain the parameters (α, β) that determine the Gumbel distribution,
where ζ = ue /σu is the gust amplitude normalized by the standard deviation of the wind velocity, and T is the recurrence period for an extreme gust. We set T = 50 years, which is a common value in wind turbine design. Expressions for the standard deviation of the wind velocity σ u , the terrain and altitude dependent empirical constant C(z), and the expected rate of local extremes κ, can be found in Larsen and Hansen.
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These expressions depend on the particular geometry and operating conditions of the turbine. Using the turbine considered in this work (section II.E and table 2) we obtain the distribution variables listed in table 1 and the probability distribution for ζ and then u e (u e = σ u ζ) that is shown in fig. 2 (c).
II.E. VAWT description
The wind turbine considered is a preliminary design generated at Sandia National Laboratories for a 3-bladed, 5 MW, offshore vertical-axis wind turbine (VAWT) ( fig. 3(a) ). The maximum rotor radius is 54 meters, and the rotor height measured from the bottom blade attachment point to the blade tips is 104.7 meters. A central tower extends from the rotor base to 70% of the rotor height, and is attached to the blades via three support struts. The present analysis considers a two-dimensional horizontal slice through the rotor at the blade tips ( fig. 3(b) ). This is the region of most interest from the aerodynamics perspective, given that this is the location where the maximum forces are generated per unit span. The blade chord at this location is 2 meters, with the blade attachment point located at 25% of the chord (measured from the leading edge). The airfoil section is a SNL 0018/50, a natural laminar flow airfoil developed specifically for VAWTs. The design RPM at rated power for this turbine is 7.4 RPM. A summary of the geometry and the operating conditions for the VAWT are listed in table 2. 
III. Methods: Modeling the gust and uncertainty quantification
In this section we describe the two important ideas put forth in this paper 1) a practical method to simulate a wind gust for wind turbine applications in a CFD solver and 2) a multi-fidelity approach to uncertainty quantification. Also, we describe the low and high-fidelity tools used to simulate the wind turbine and we describe polynomial chaos, the uncertainty quantification method the proposed multi-fidelity approach uses.
III.A. Modeling of the gust interaction with the VAWT
The are many aerodynamic models available to simulate a wind turbine, 3, 4, 5, 9, 10, 11 ranging from simple analytic models all the way to Direct Numerical Simulation (DNS), where each model depending on the context can be considered a high-fidelity or low-fidelity model. For this paper we consider the Euler equations in SU 2 (a CFD solver) as the high-fidelity model and CACTUS, a blade element/vortex lattice aerodynamic solver, as the low-fidelity model. The difference in simulation time between SU 2 and CACTUS (1 simulation takes 1 min on 1 processor) is around 3 orders of magnitude. These models are described below as well as how to model a gust in SU 2 . The modeling of the gust in a CFD solver (SU 2 ) is not a straight forward task for this reason a subsection is devoted to introduce a practical method to model the gust. On the other hand modeling the gust in a low-fidelity tool such as CACTUS is straightforward, all that is needed is to modify the free-stream velocity as a function of time.
III.A.1. SU
2 -High-fidelity model
The high-fidelity model is Stanford University Unstructured (SU 2 ). 12 SU 2 is a C ++ software suite developed for the specific task of solving partial differential equations (PDE) and PDE-constrained optimization problems on general unstructured meshes. The computational fluids dynamics (CFD) solver in SU 2 suite has been used and validated for many aerospace engineering applications.
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In this work we use the compressible two-dimensional Euler equations to model the aerodynamics of the gust interacting with the vertical axis wind turbine. We use the Euler solver in SU 2 as opposed to the RANS solver, because of the cheaper computational cost without any significant loss of accuracy for our problem. Table 2 . Vertical axis wind turbine description.
The Euler equations are solved on a domain Ω ⊂ R 2 , with airfoil boundaries S and far-field boundary
where
T is the fluid velocity in a cartesian coordinate system,
T is the boundary velocity (mesh velocitiy after discretization), E is the total energy per unit mass, and p is the static pressure
The second line of eq. (3) represents the flow tangency condition at a solid wall, and the third line represents a characteristic-based boundary condition at the far-field where the fluid state at the boundary is updated using the state at infinity depending on the sign of the eigenvalues. In the numerical implementation, the Euler equations eq. (3) are discretized using a standard edge-based finite volume formulation on the dual grid, obtained by applying the integral formulation of the equations to a dual grid control volume surrounding any given node of the grid and performing an exact integration around the outer boundary of this control volume. The convective flux is discretized using a central scheme with JST-type artificial dissipation.
14 Time integration is implicit and handled by a second-order accurate dual-time stepping approach.
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III.A.2. CACTUS -Low-fidelity model
The low-fidelity model is CACTUS, the Code for Axial and Crossflow Turbine Simulation developed at Sandia National Laboratories (SNL).
16 CACTUS simulates the performance and loads of a wind turbine rotor in the time domain using a blade element/vortex lattice aerodynamic model. The rotor blades are discretized into blade element sections, where each section is assigned two-dimensional airfoil performance characteristics in the form of tables containing lift, drag, and moment coefficient vs. angle of attack. CACTUS also incorporates unsteady aerodynamic blade load effects such as dynamic stall, apparent mass and blade rotation effects. For the wake flow field, CACTUS uses a potential flow model comprised of free vortex line elements shed and trailed from each blade element at each time step.
III.A.3. Gust modeling in a CFD solver (SU 2 )
Modeling a wind gust in a CFD solver is non-trivial. Initializing the gust in the flow field or specifying the gust as a time-dependent boundary condition (this approach is used for the low-fidelity tool) will not work. The reason for this is that the specified gust should satisfy the Euler equations eq. (3) or at least the gust velocity field V g should be divergence free ∇ · V g = 0. The extreme gust, specified in the IEC standard, and considered here
changes its magnitude in the free-stream direction and has non-zero divergence
In the rest of this section we describe a practical method that will allow us to simulate a gust that changes its magnitude in the free-stream direction and whose velocity field has non-zero divergence. Even though the wind turbine gust has non-zero divergence, there are divergence free gusts in aerospace applications and efficient methods to simulated them have been developed. Two examples are a gust whose magnitude changes are perpendicular to the free-stream which is used for gust alleviation studies in aircraft and a vortex gust used to study blade vortex interactions that occur in rotorcraft. An efficient method used to study the effect of these divergence free gusts is the Field Velocity Method (FVM). 17, 18, 19, 20, 21 This method prescribes the gust as grid velocities which alleviates the problem of needing small cells everywhere in the mesh in order to avoid the gust being dissipated. For a CFD code that already has the capability to simulate moving meshes all that is need is to specify the gust as the negative of the grid velocity in the Euler equations eq. (3), x t = −u g . Our case, has true grid velocities due to the rotation of the wind turbine, so for cases with true grid velocities x ttrue we would set x t = x ttrue − u g .
Note that the FVM is not quite equivalent to the Euler equations because of the extra prescribed gust velocity. Also, as the gust velocity is prescribed only the effect of the gust on the body is captured, the effect of the body on the gust is not. As long as the body does not affect the source of the gust which is almost always the case and which is the case here, the FVM method works remarkably well. 17, 18, 19, 20, 21 Directly applying the FVM to the non-divergence free extreme gust causes non-physical behavior and the method fails terribly. Using the recently developed Split Velocity Method (SVM) 22 an extension to the FVM that captures the effect of the body on the gust by introducing additional source terms in eq. (3) also does not work to simulate the gust.
When performing simulation with dynamic meshes (grid velocities) it has been shown that Geometric Conservation Law (GCL) 23, 24, 25 should be satisfied for consistency in the governing equations. Usually adding GCL provides a slight improvement in accuracy.
Here we found that satisfying the GCL is crucial when using the FVM method, as this combination allows us to successfully simulate the extreme gust and in fact any non-divergence free gust. To our surprise combining the GCL with the SVM does not work.
In summary, a practical method to model a gust that changes magnitude in the free-stream direction (a non divergence free gust) requires the use of the field velocity method in combination with the geometric conservation law.
III.B. A multi-fidelity approach to propagating the gust uncertainty
Uncertainty quantification (UQ) is the process of 1) characterizing input uncertainties, 2) propagating these uncertainties through a computational model, and 3) quantifying the effect of the input uncertainties on the output(s) of interest. In essence, uncertainty quantification aims to gain a quantitative understanding of how variations in the inputs of a model affect the outputs. For instance, how the uncertain gust parameters affect the maximum load on the turbine. The first step of characterizing the input uncertainties was done in section II and the last step of characterizing the output of interest is done in the results section (section IV). In this section, we describe a novel approach to the second step of propagating the uncertainties by using computational models of different fidelities.
Different methods for performing the propagation of the input uncertainties depend on the type of the input uncertainties, either epistemic or aleatory. Epistemic uncertainties are a result of our lack of knowledge. Aleatory uncertainties, which are the ones we consider in this paper, are a result of their natural inherent variability, such as the wind speed. Because aleatory uncertainties are variable, they are analyzed with probabilistic methods and described by probability distributions.
A common way to study the effect of a probabilistic input on the output of a model is by Monte Carlo simulations (MC) or similar sampling methods, but one of their drawbacks is that many simulations of the model are needed to obtain accurate statistics of the outputs. Another approach is to use a stochastic expansion method, such as polynomial chaos (PC). In polynomial chaos, to approximate the statistics of the outputs a polynomial function is constructed that maps the uncertain inputs to the outputs of interest.
In this work, we use polynomial chaos, as opposed to Monte Carlo, because the functional relationship provided by polynomial chaos can be used to combine different levels of simulation fidelity (see section III.B.3) and accurate statistics on the output can be obtained in many fewer simulations using polynomial chaos for problems with few uncertain variables, which is the case in this study.
III.B.1. Description of the 1D polynomial chaos method
Polynomial chaos is a method of propagating the uncertainties in a model's inputs to the model's outputs, by constructing a polynomial approximation to the model's response to stochastic input parameters ξ,
where the larger the polynomial order P the closer the approximationR(ξ) is to the true response R(ξ). The basis functions φ i (ξ) are known orthogonal polynomials and the coefficients α i are what need to be estimated in the polynomial chaos method. One approach to calculate the PC coefficients α i is the spectral projection method which takes advantage of the orthogonality of the basis polynomials. In the spectral projection method the first step to calculate the chaos coefficients is to multiply the PC expansion eq. (6) by φ j (ξ) and ρ(ξ), the density of the stochastic parameter, and then integrate over the probability space Ω,
Using the orthogonality of the basis polynomials with respect to the uncertain variable density,
and solving for the coefficients from eq. (7), we obtain
A couple notes to keep in mind when evaluating the polynomial chaos coefficients equation eq. (9):
• The polynomial basis φ i (ξ) is chosen such that it is orthogonal to the probability density function of the stochastic parameters ρ(ξ) up to a constant. The common probability distributions have known basis polynomials, 26 For stochastic parameters that do not follow one of the common probability distributions, a numerically generated polynomial basis can be constructed. 27, 28 The polynomial basis for the uncertain parameters considered in this paper are listed in table 3.
• The majority of the effort in solving for the coefficients resides in evaluating the integral, Ω R(ξ)φ i (ξ)ρ(ξ)dξ, especially when R(ξ) is expensive to evaluate, as the inner product φ 2 i (ξ) for a particular polynomial basis is known. A common approach to evaluate the integral is by numerical quadrature
where the weights ω j and quadrature points ξ j depend on the quadrature method used.
Once the coefficients α i are known on top of having a functional relationship between the uncertain inputs and outputsR
estimates of the statistics for the mean and variance can be computed from
Uncertain parameter Probability distribution Polynomial basis
Gumbel Numerically generated Table 3 . The polynomial basis used in the polynomial chaos method for each uncertain parameter.
III.B.2. Multi-dimensional polynomial chaos and sparse grid construction
For multiple uncertain variables ξ = (ξ 1 , ξ 2 , . . . ξ d ) the polynomial chaos expansion eq. (6) is written as
where i = (i 1 , i 2 , . . . , i d ) is a multi-index and the values of the elements i j ∈ N depend on how the expansion is truncated, i.e., on how the index set I p is defined. There are two common ways in which to define the index set: "total-order expansion" and "tensor-product expansion". In "total-order expansion" a total polynomial order bound p is enforced
Whereas in "tensor-product expansion" a per-dimension polynomial order bound p j is enforced
The basis functions Φ i (ξ) are given by products of one-dimensional orthogonal polynomials φ ij ,
Similarly to the 1D case, the coefficients of the expansion are calculated from
is the joint probability density of the stochastic parameters over the support Ω = Ω 1 × · · · × Ω d . Same as in the 1D case the majority of the effort in computing the coefficients resides in evaluating the integral Ω R(ξ)Φ i (ξ)ρ(ξ)dξ. To evaluate the integral tensor product quadrature Q i can be used, but the number of quadrature points in tensor product quadrature grows exponentially with the number of dimensions d. To alleviate the exponential growth in quadrature points sparse grid quadrature can be used. Sparse grid quadrature is constructed from a linear combination of tensor product quadrature grids Q i in such a way that high accuracy is preserved while using only a relative small number of grid(quadrature) points. 8, 29, 30 The isotropic sparse grid level q (q ∈ N) used to perform the integration in eq. (18) is defined as
where as q increases more quadrature points are used and the integral is evaluated more accurately. The number of quadrature points depends on the number of uncertain variables and on the distributions of the uncertain variables. Table 4 lists the number of quadrature points used for our particular problem where we have d = 3 uncertain variables which follow the distributions in table 3.
III.B.3. Multi-fidelity uncertainty quantification with polynomial chaos
The goal of the multi-fidelity uncertainty quantification is to accurately characterize the high-fidelity system response R high (ξ) with less computational effort by using information obtained from the low-fidelity system response R low (ξ) as opposed to solely using the high-fidelity response. There are different methods of incorporating the information from the low-fidelity response. 8 Here we will do so by means of an additive correction function,
In multi-fidelity UQ instead of approximating the high-fidelity function directly via polynomial chaos
we approximate it from the polynomial chaos expansions of the low-fidelity and correction function
The multi-fidelity approach could be beneficial if an accurate expansion of the correction functionR corr can be obtained with less computational effort, i.e., with less simulations(quadrature points) than the high-fidelity functionR high and if the low-fidelity model is a good approximation to the high-fidelity model. 8 A priori, it is hard to know for a particular problem if the conditions on the low-fidelity and correction function would be satisfied and even then if the multi-fidelity approach will lead to any computational savings. But for some problems large (80%) computational savings can be obtained. Table 4 . Number of function evaluations (quadrature points) in each sparse grid level. The higher levels reuse the evaluations in the lower levels.
IV. Results
First we show results for a particular gust realization and then we follow with the results from the uncertainty quantification study.
A simulation in SU 2 of the gust convecting passed the turbine blades is shown in fig. 4 . To help visualization a circle is drawn around the blade we will refer to as "Blade-1". The position of Blade-1 in figs 4(a) and 3(b) is the 0°position. Blade-1 advances by 90°in each frame and each row of fig. 4 represents a full revolution of the turbine. Figure 4 . Evolution of the gust. A circle is drawn around Blade-1 to help with visualization. In each frame Blade-1 advances by 90°and each row represents a full revolution of the blade. The gust interactions lasts from 3 to 4 revolutions depending on the uncertain gust realization. The figure shows the gust velocity as compared to the free-stream velocity and the darker the color the higher the gust value.
As the gust convects pass the blades it changes the blades angles of attack. The angle of attack that a blade sees during a revolution for normal operating conditions (no-gust) is shown in fig. 5 . If the gust interacts with the blade when it is already at a high angle of attack it can cause the flow to separate and the blade to stall. An angle of attack sweep for the blade (SNL 0018/50 airfoil) showed that the blade stalls at around 12°for both Euler and RANS simulations in SU 2 . Also, the Euler and RANS simulations agreed well given us confidence that the results obtain by the Euler simulations are reasonable even if gust caused the blade to stall.
The most interaction Blade-1 has with the gust is during the second revolution of the turbine (figs. 4(e), 4(f), 4(g) and 4(h)). The normal and tangential forces on Blade-1 during the second revolution are shown in figs. 6 and 7, respectively. For comparison purposes (figs. 6 and 7) include the forces obtained from the low-fidelity model and for the normal operating conditions when there is no gust. The low-fidelity model under predicts the maximum forces when there is no gust and more noticeably when there is a gust. The gust has a bigger effect on the high-fidelity simulation because on top of changing the angle of attack the gust can cause unsteady aerodynamic effects which are not captured by the low-fidelity model. For instance the gust can cause the blade to stall, followed by a vortex convecting over the blade which can cause large variations in the forces and the larger discrepancies between the high and low-fidelity model.
For the uncertainty quantification study, we picked the maximum normal C n,max and maximum tangential force C t,max as our quantities of interest (QOI). We picked these QOI because as seen in figs. 6 and 7 they are affected by the uncertain gust and if they are large enough they can cause turbine failure. The gust interaction in figs. 6 and 7 is a very benign interaction as the effect on the maximum forces is small.
The maximum number of gust realizations used for the high-fidelity case is 455 (sparse grid level 4) and for the low-fidelity case is 1099 (sparse grid level 5). A high-fidelity simulation takes about 30 minutes on 36 processors and a low-fidelity simulation 1 minute on 1 processor. The difference in simulation time between the high and low-fidelity is 3 orders of magnitude. Table 4 lists the number of samples in each sparse grid level. The higher sparse grid levels reuse the simulations form the lower sparse grid levels. A histogram of the output for the maximum normal force for the low and high-fidelity tool is shown in fig. 8 and for the maximum tangential force in fig. 9 . There are many cases for which the gust does not affect the maximum forces, this is especially the case for the low-fidelity tool for which about 40% of its samples have their normal operating condition maximum. The spread in the high-fidelity is more pronounced and the maximum force can reach very large values as compared to the low-fidelity results. The sparse grid level 4 samples are shown in fig. 10 . These samples are colored based on the maximum normal force. The samples values are symmetrically distributed for the gust starting position x 0 and the gust length L g which follow symmetric distributions (see table 1 ) and for the gust amplitude u e the samples are more heavily concentrated on values higher than its mean. The highest values of the maximum force occur at the highest values of the gust amplitude. A plot for the maximum tangential force shows a similar behavior.
In fig. 10 there is the least amount of variation along the gust length L g axis. Holding L g fixed at its mean value fig. 11 the maximum normal force. We see that as the sparse grid level is increased there are samples with larger gust amplitude values which cause larger values for the maximum normal force. These large values can slow down the convergence of the statistics for the maximum forces. Also holding the gust amplitude fixed we can visualize how C n,max changes as a function of the gust starting position for the high and low-fidelity tool and also visualize what the correction function (difference between the high and low-fidelity) might look like for performing the multi-fidelity uncertainty quantification ( fig. 12 ). For this slice of the data, the complexity of the correction function is similar to the high-fidelity and the low-fidelity does not fully follow the the high-fidelity trend, which are not favorable conditions to see large computational savings when using multi-fidelity UQ.
A convergence of the mean and the variance of the maximum forces as a function of sparse grid level for low, high and multi-fidelity is shown in figs. 13 and 14. In the multi-fidelity case the sparse grid level corresponds to the level used to approximate the correction function and the multi-fidelity uses a sparse grid level 5 for the low-fidelity. The low fidelity under predicts the value of the mean and the variance for both the maximum normal and tangential force. The multi-fidelity and high-fidelity converge towards each other which is desired. The multi-fidelity seems that it could be beneficial in providing better statistics estimates than the high-fidelity when only a small number of samples are available as the multi-fidelity values at sparse grid level 1 are closer to the values the statistics of the high and multi-fidelity are converging too for the majority of the cases.
For this problem we observe that simulating the gust at the mean values for all its parameters, the "most likely" deterministic gust is a poor estimate of the mean response for the maximum normal force figs. 13(a) and highlights the importance of properly quantifying the effect of an uncertain gust.
V. Conclusions
In this paper we have explored the influence of a uncertain extreme gust on the maximum normal and maximum tangential force on the blades of a VAWT. The extreme gust is defined by three uncertain variables, the gust starting position x 0 , the gust length L g , and the gust amplitude u e . The maximum forces are most susceptible to the gust amplitude and the gust starting position. We studied the effect of the gust with a low-fidelity tool CACTUS (blade element/vortex lattice aerodynamic solver) and a high-fidelity tool SU 2 (CFD solver). To study the effect of a gust in the CFD solver, we developed a practical method that allows us to simulate a gust that changes its magnitude in the flow direction (non-divergent free gust) by combining the field velocity method (FVM) and the geometric conservation law (GCL). We found that simulating the gust with the low-fidelity tool underestimates the value of the mean and the variance for the maximum forces on the blade when compared to the high-fidelity tool ("true solution"). Also, simulating the gust at its deterministic "most likely" realization under predicts the maximum forces on the blade when compared to the mean values calculated by the uncertainty quantification study. A reasonable estimate of the high-fidelity mean and variance for the maximum forces is obtained in only a few (9 -sparse grid level 1) high-fidelity simulations. It is possible to improve the estimate of the maximum force statistics at a few samples by using the proposed multi-fidelity uncertainty quantification methodology. The multi-fidelity methodology uses polynomial chaos to create an approximation to the high-fidelity statistics via a correction function based on the difference between the high and low-fidelity simulations.
